I. INTRODUCTION
Multiple-input multiple-output (MIMO) systems have gained considerable research interest owing to their potential of achieving high channel capacity and combined with space-division multiple access used in the downlink of multiuser MIMO (MU-MIMO) systems, they are capable of providing substantial gain in system throughput. The two optimization problems of particular interest in the context of MIMO systems are throughput maximization and power control. Capacity in a multiuser network is achieved by maximizing the sum of the information rates for all users subject to a sum power constraint. The problem of power control requires minimizing the total transmitted power while maintaining the minimum Quality-of-Service (QoS) level for each user in the network. In either case, a satisfactory solution ought to balance high throughput or good QoS at one node in the network with the penalty of interference produced at other nodes [1] . The particular challenge in multiuser systems is mitigating the multi-user interference (MUI) in addition to the inter-antenna interference and the noise. The MUI in the downlink MU-MIMO systems can be mitigated by the linear precoding techniques provided the channel state information at the transmitter (CSIT) is known [1] , [2] .
High dimensional MIMO systems such as configurations with 8 transmit and receive antennas as recommended by IEEE 802.11ac, improve rate and reliability dramatically [3] . The challenge is to construct precoding algorithms with good overall performance and low computational complexity for high-dimensional MIMO systems. The traditional precoding techniques such as block diagonalization (BD) proposed in [1] , [4] and regularized block diagonalization (RBD) proposed in [2] impose a considerable computational cost. The computational complexity depends on the number of users and the dimensions of each user's channel matrix [5] . Each of these algorithms include two SVD operations to be implemented for each user which leads to high computational complexity. A marked characteristic of BD and RBD is the decoding matrix computed in these algorithms from the second SVD operation to orthogonalize each user's streams which brings extra control overhead [6] .
Recent work in BD-type precoding algorithms has focussed on low complexity design of these algorithms. A low complexity generalized ZF channel inversion (GZI) method and generalized MMSE channel inversion (GMI) method have been proposed in [7] which equivalently implements the first SVD operation of the original BD and RBD precoding respectively. Another low complexity precoding algorithm, lattice reduction-aided RBD (LC-RBD-LR) has been proposed in [8] , [9] which considers QR decomposition, as an improvement over BD algorithm. A low-complexity high performance simplified GMI (S-GMI) precoding scheme, proposed in [5] employs common channel inversion for all users and obtains equivalent parallel SU-MIMO channels. Again in [5] S-GMI is modified to produce lattice reduction-aided simplified GMI (LR-S-GMI) precoding algorithm which employs lattice reduction technique to transform the SU-MIMO channels into parallelized streams for each user. Based on the specific linear precoding constraint used, LR-S-GMI is classified as LR-S-GMI-ZF and LR-S-GMI-MMSE. In [10] , QR-based BD and Jacket matrix methods have been proposed, which consider channel matrix decomposition based on QR and Jacket matrices respectively. Since Jacket matrices are element-wise inverse matrices, the block diagonal jacket matrix decomposition is computationally efficient than the SVD operation in the conventional BD scheme. Wang et al. in [11] propose a precoding scheme which replaces the first SVD in BD and RBD by channel extension which employs LQ based on Givens and Householder decomposition to balance MUI and noise and prove that their proposed method outperforms BD and is equivalent to RBD in performance as well as computationally more efficient than RBD.
Research effort on convex-optimization based precoding in the recent years has aimed mainly at maximizing the system throughput and minimizing the power consumption. [12] analyzes the convex-optimization problems involved in reducing Peak-to-Average Power Ratio (PAPR) of the transmitted signals from the base station (BS) antennas. Convex-optimization based precoding techniques are computationally intensive and are suitable for LTE systems. This fact is corroborated by [12] which details the computational complexity of convex-optimization based precoders as well as [13] in which signal-to-leakage-plus-noise-ratio (SLNR) based power allocation algorithms are proposed for LTEAdvanced (LTE-A) systems which involve solving a set of constrained convex optimization problems.
The contribution of this paper is the implementation of a large subset of the aforementioned precoding techniques in IEEE 802.11ac channel. However, convex-optimization techniques are not included in the implemented precoding techniques as significant performance in terms of overall system throughput is achieved otherwise for IEEE 802.11ac channel and the computational complexity of the precoding algorithms is low at the same time.
II. SYSTEM MODEL
We consider a MU-MIMO downlink channel with a BS equipped with N T transmit antennas and N k receive antennas at the kth user terminal (UT) with K users in the system. The total number of receive antennas is N R = K k=1 N k . The transmitted vector for the kth user is defined as
NT ×d k for the kth user is determined at the transmit side and the joint precoding matrix is given by
We model the channel as orthogonal frequency-division multiplexing (OFDM) channel without any inter-carrier interference. The channel matrix of the kth user at a particular subcarrier frequency is defined as H k ∈ C N k ×NT and the joint channel matrix is expressed as
At the UTs, decoding matrices are calculated. With the decoding matrices combined with the precoding matrices, the MU-MIMO channel is completely decomposed into parallel SISO channels. The decoding matrix of the kth user is represented as
where the notation of diag {.} represents a block diagonal matrix. Finally, the joint received vector is given by
where
denotes the received signal of the kth user and n denotes the additive white Gaussian noise (AWGN) vector.
III. BRIEF SUMMARY OF THE PRECODING ALGORITHMS
First, we discuss the BD algorithm and the procedure to obtain the precoding matrix P and the decoding matrix D assuming no power loading. In the design of BD algorithm the first precoding filter is used to transform a MU-MIMO channel into a block channel equivalently named as SU-MIMO channel, for each user, in which the other users' interference is suppressed and the second precoding filter is used to decouple the block channels to obtain parallelized users' streams.
The reduced channel matrix for the kth user is defined as
SVD of the kth user's reduced matrix is defined as
The first precoding filter for the kth user obtained as a solution to the BD constraint is given by
The block channel for the kth user can be expressed as
SVD on the block channel of kth user is given by
If the rank of H eff k is L then V 1 k contains first L coloumns of V k . Thus, the second precoding filter is obtained as
The combined precoding matrix is given by
The decoding matrix is obtained as
RBD introduces regularization factor to balance noise with MUI due to which there are residual interferences between the SU-MIMO channels. The first and second precoding filters for RBD are obtained by replacing (6) and (9) by (12) and (13) respectively.
where α is the regularization factor
The decoding matrix of RBD is calculated same as that of BD.
In GZI, the first precoding filter is obtained by zero forcing channel inversion on the combined channel matrix followed by QR decomposition on the resultant channel of an individual user. The second precoding filter and decoding matrix are calculated as BD.
The pseudo-inverse of the channel matrix H is defined aŝ
The QR decomposition of N T × N k matrixĤ k is given bŷ
The precoding matrix for the kth user is obtained as
In order to reduce the complexity of RBD, the first SVD is replaced by a less complex QR decomposition in LC-RBD-LR. The second SVD in RBD is replaced by a complex lattice reduction (CLR) algorithm. CLR aims to obtain a new basis for the block channel matrix of each user which is shorter and nearly orthogonal as compared to the original matrix. No decoding matrix is required to be calculated for this algorithm.
S-GMI employs MMSE channel inversion on the combined channel matrix followed by QR decomposition on the block channel matrix corresponding to an individual user, to obtain first precoding matrix. The second precoding filter and the decoding matrix are achieved by applying SVD on the block channel of the individual user. The overall precoding and decoding matrices are obtained by stacking those of the individual users.
In LR-S-GMI, the first precoding filter is obtained as S-GMI, while the second precoding filter is obtained by employing LR transformation instead of SVD operation in S-GMI. There is no need of decoding matrix for this precoding, thus receiver structure is simplified. CLLL algorithm proposed in [14] is used to implement LR transformation.
QR-EVD employs QR decomposition on the reduced channel matrix of each user to obtain the first precoding filter and Eigen Value Decomposition (EVD) on the block channel matrix to obtain the second precoding filter and the decoding matrix.
IV. SIMULATION RESULTS
We consider an uncoded MU-MIMO system with a BS equipped with N T = 8 transmit antennas and K = 4 users. Each of the 4 users has 2 receive antennas i.e., N k = 2 where k = 1, 2, · · · , K. The BS transmits 2 spatial streams to each of the 4 users, i.e., d k = 2. This scenario is represented as (2, 2, 2, 2) × 8 case.
In order to evaluate the performance of the precoding schemes in IEEE 802.11ac standard, we use a OFDM based framework. In the initialization stage of the simulations, the OFDM related parameters and the channel parameters are set. For an OFDM transmission in contiguous 160 MHz channel, there are 512 subcarriers containing 484 data subcarriers, each occupying a bandwidth of 312.5 kHz. The transmitted vector x k of the kth user at a certain frequency, is QPSK modulated. The channel matrix H of the MU-MIMO environment is computed for every subcarrier and is modeled as a complex Gaussian channel matrix with zero mean and unit variance. The frequency selective channel is transformed into uncorrelated block fading channels for the different frequencies centered around 5.21 GHz. The channel impulse response takes into account the delay spread which is calculated based on the indoor range of 35 m. We assume perfect channel estimation at the receive side and errorfree feedback channels. Noise variance is calculated using [5] as σ
where ξ is the whole average transmit power and M is the the number of transmitted information bits per channel symbol. In the implementation of the precoding schemes we assume no power loading between users and streams for simplicity. Fig. 1 shows the BER performance of the precoding algorithms. The LR-S-GMI and LC-RBD-LR precoding techniques share the same BER performance which is attributed to the fact that both of them employ lattice reduction (LR) algorithm which chiefly impacts the overall precoding matrix. Beyond E b /N 0 = 4 dB the BER performance of LR-S-GMI and LC-RBD-LR merges with that of BD and GZI. The performance of S-GMI is better as compared to RBD, LR-S-GMI, LC-RBD-LR, BD and GZI. The reason is that the precoding filter designed for S-GMI suppresses the residual interference between the users to negligibly small values. It is worth noting that the BER performance of QR-EVD precoding outperforms the remaining six precoding algorithms in the entire range of E b /N 0 and achieves significant gains with the increase of E b /N 0 . 
It can be observed that the maximum achievable sumrate of LR-S-GMI algorithm is inferior to that of the BD precoding algorithm at high SNRs. However, the achieved sum-rate of LR-S-GMI is better than that of the BD at low SNRs, since the former employs regularization factor to mitigate the degradation by the noise term. QR-EVD achieves the highest sum-rate performance at low SNRs, S-GMI in the middle range of SNR and RBD at high SNRs.
V. CONCLUSION
In this paper, the traditional and the recent precoding algorithms for MU-MIMO systems have been implemented in the IEEE 802.11ac standard. The investigation of these algorithms include comparison and analysis of their BER performance and achievable sum-rate in a OFDM based framework complying the IEEE 802.11ac specifications. Although convex optimization techniques have been proposed for LTE systems, our future endeavour will be to propose such techniques in the framework of IEEE 802.11ac.
